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Abstract: In the provision of urban residential areas, private land developers play critical roles
in nearly all stages of the land development process. Despite their important role little is known
about how the spatial decisions of individual developers collectively influence urban growth. This
paper employs an agent-based modelling approach to capture the spatial decisions of private land
developers in shaping new urban forms. By drawing on microeconomic theory, the model simulates
urban growth in the Jakarta Metropolitan Area, Indonesia, under different scenarios that reflect the
decision behaviours of different types of developers. Results reveal that larger developers favour
sites that are more proximate to the city centre whilst smaller developers prefer sites that are located
further away from the city, that drive a more sprawled urban form. Our findings show that new urban
areas are generated by different developers through different processes. The profit maximisation
behaviour by developers with large capital reserves is more predictable than those with small capital
funds. The imbalance in capital holdings by different types of developers interacts with one another
to exert adverse impacts on the urban development process. Our study provides supporting evidence
highlighting the need for urban policy to regulate urban expansion and achieve more sustainable
urban development outcomes in a developing world context.
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1. Introduction
Urban development, or the conversion of land from nonurban to urban, is contingent on the
decisions of multiple actors [1]. Among the urban development actors, private land developers play a
critical role driving the process of urban growth [1–3]. Their decisions to convert undeveloped rural
land into urban use is a central process that drives the expansion of urban footprint [2,4]. Given
that nearly 60 percent of the world’s population will live in an urban area by 2035 [5], a deeper
understanding on how the spatial decision behaviours of land developers shape our urban footprints
remains central to establish the necessary evidence on which smart policy that seeks to better regulate
urban expansion and support sustainable urban development can be founded.
While the roles of developers on the urban development process are clearly important, current
urban models often overlook the diversity of types, characteristics and behaviours of developers and
the effects that this differentiation has across urban landscapes [6,7]. Past studies largely investigate the
developers alongside other urban stakeholders including the government, the resident, landowners or
the farmer [8,9]. The role and characteristics of land developers in current scholarship are considered as
homogeneous with ‘undifferentiated whole, as if all developers were the same’ [2] (p. 353). In practice,
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developers exhibit distinct characteristics when designing multiple operation strategies or making
spatial decisions concerning land development [3,10]. Furthermore, the lack of understanding of the
various characteristics of developers leads to a policy to treat all types of developers in the same way.
As a consequence, simplified policies applied to urban developers potentially result in an uncompetitive
land and housing market, where a select few developers influence price [11]. In order to understand
the heterogeneous role played by developers in the urban development process coupled with the
consequences of this heterogeneity for urban planning, this study adopts an agent-based modelling
(ABM) approach to explore the multifaceted characteristics of land developers and how their spatial
decision behaviours affect the spatial form of the urban footprint.
Agent-based modelling is a computer-based approach with the capacity to simultaneously
represent individual agent decisions and interactions, and collectively how these decisions and
interactions result in emergent development patterns in space and over time [12,13]. In terms of urban
development and land use change modelling, ABM models have previously been developed to analyse
the role of the key players of ‘agents’—residents, government/planners and developers—in the land
development process, and to simulate their behaviours and interactions among these ‘agents’ [14–16].
The advantage of ABM is that it has the capacity to go beyond some of the restrictive assumptions
associated with other modelling techniques (such as cellular automata) in accommodating bounded
rationality, heterogeneity among agents and out-of-equilibrium dynamics and interactions, enabling
modellers to have flexibility in model design [14]. These advantages allow ABM-based approaches
to incorporate human decision-making behaviours within the simulation of the urban development
process [17–19]. As such, ABMs have received much attention in the urban modelling community in
recent years with their application in a number of different contexts to simulate urban growth and land
use change [17,18,20].
A number of ABM models have been developed to simulate the behaviours of agents based
on microeconomic theory from three perspectives [21,22]: (i) a demand-side perspective where the
emergence of new urban areas was generated by the demand of houses and for most of time determined
by buyers; (ii) a supply-side perspective where land use transitions are driven by the behaviours of
land developers; and (iii) market equilibrium, where a new urban area emerges through agreement
being reached by agents representing both the supply and demand side (e.g., landowners and land
buyers, or farmers and government). From the demand perspective, models such as the Spatial
Land use Change and Ecological Effects (SLUCE) [23] were developed to simulate the microeconomic
behaviours of sellers and buyers (and to a lesser extent renters), that is, buyers choosing a property
that maximises their utility and sellers assuming that the potential buyer will outbid the current use.
Caruso and Peeters [24] developed an ABM model to integrate the role of renters from the residential
demand side, allowing relocation by renters and a competitive rental market. Parker and Meretsky [25]
simulated the land conversion decisions of a hypothetical parcel manager through a fixed demand
curve. Benenson [26] used a simple adaptation mechanism to set housing prices, assuming that
the price of an occupied house adapts to reflect the wealth of the occupant and the average value
of neighbouring houses. Some models also incorporate households’ characteristics to simulate the
emergence of residential areas, such as households’ residential location choices according to their life
cycle stage [27], maximisation of urban utilities [28,29] and their individual choice on open space [30].
From the market equilibrium perspective, Torrens [31] simulated the housing market interactions
with dynamic price influenced by both the demand and supply sides, and the transaction prices of
residences were based on market conditions or agent preferences. Some earlier work [32,33] applied
ABM based on economics theory to simulate land market change. Such models also focus more on
modelling explicitly the bilateral transactions between land buyers and sellers. The willingness of
buyers and sellers to pay and accept land prices determine the success of land transactions under
different market conditions [32,33].
With regard to supply-side models of the land conversion process, although it is fully acknowledged
that developers play a critical role in shaping new urban development, especially under the increasing
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pressure on housing demand and a growing shortage of capital and land supply for urban use [34],
few studies have attempted to model the decision behaviours of land developers to reveal how these
decision behaviours impact urban growth [10]. This is possibly due to the dominant demand-side
models focusing on the mature stage of land development where it is relatively easy to quantify and
measure the impacts of agents when urban land has been converted with infrastructure development
in place [6]. The role of developers, largely involved at the early development stage and related to how
lands were acquired, prepared and converted into new urban areas, remains little known [10]. Some
recent advances have emerged that incorporate multiple agents’ decision behaviours. For instance,
Diappi and Bolchi [8] employed an agent-based model to simulate the supply-side redevelopment
decisions of landlords and developers and examined the local housing market dynamics based on
Smith’s rent gap theory [35]. Ligmann-Zielinska [4] developed an ABM to test different conceptions of
risk-explicit decision making and decision rules that represent risk-taking and risk-averse attitudes of
developers in the location decisions. Li and Liu [36] developed an integrated cellular-agent model to
represent three categories of agents (resident, developer and government) and simulate the residential
development of Guangzhou city in China. A similar work was done by Tan and Liu [9] in Wuhan
and by Zhang and Zeng [37] in Changsha, China. Their supply-side model integrated government,
landowners and developers and interactions amongst agents were schematised using a game theory
framework. Nevertheless, the diversity of developer types, their characteristics and behaviours and
the effects this differentiation has across large metropolitan areas is largely untacked [6,7].
This study presents an agent-based model based on the microeconomic theory to characterise the
behaviours of different types of developers and their consequences on urban development. In particular,
the model focus on the amount of capital that developers possess, the expected profit and market
coverage. These factors can lead to different locational decisions, including land acquisition actions
and adaptation strategies, which have been largely overlooked in current scholarship [10]. Spatial
interactions between different types of agents reflecting the roles and decisions that developers
play including securing land supply, realising urban development and setting land prices [1,3] are
constructed and simulated under multiple scenarios, generating outcomes to understand how multiple
types of developers play spatially and over time and how their decision behaviours can result in
reshaping the urban spatial patterns and the urban land market.
The rest of the paper is organised as follows. Section 2 introduces the study area and analytic
framework adopted to develop the ABM, followed by results from the model in Section 3. The discussion
of the results is presented in Section 4, followed by conclusions and some future research directions in
the final section.
2. Study Area and Model Development
2.1. Study Area
Jakarta Metropolitan Area (JMA), Indonesia was selected as the case study context (Figure 1)
given that it is the third largest megacity in the world, serves as a typical example that has been
experiencing substantial urban expansion over the past two decades [38]. With a total area of 6600 km2,
JMA’s population has grown from 18.8 million in 1994 to 32.4 million in 2017 [39]. This metropolitan
region contributes to nearly a quarter (24 percent) of Indonesia’s Gross Domestic Product (GDP) [40].
Numerous jobs opportunities in the JMA have attracted people from the neighbouring regions and
across Indonesia to work and settle in the area [41]. The addition of 13.6 million habitants over the
17-year period creates substantial land demand not only for supporting the settlement, but also for
commercial and urban services [42,43], resulting in an urban expansion of 40 km2 per annum on
average over the period of 1994 to 2017 [38]. From the early 1980s, new urban areas in the form of
large-scale housing and new towns have been constructed by private land developers targeting at
accommodating its mid-income populations [44,45]. Land development driven by private developers
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dominates the overall urban expansion in JMA, which provides the experimental backcloth through
which we can investigate developers’ impact on urban expansion and land market change.
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2.2. Model Development
In the development of ABMs, the conceptual framework provides the underpinning foundation
to the model construction and ensures that the selection of inputs and their interactions reflect the
functions of the system, in reality. Our conceptual framework was constructed from the supply-side
perspective where developers are the main actors in the urban development process. In essence, urban
development starts when developers accrete information from their neighbourhood space (i.e., cells
surrounding a developer). The developers then assess land suitability and affordability at particular
location. Due to variation on the capital capability and the expected benefit from the investment,
the land profit assessment may differ from one developer to another. Figure 2 illustrates this conceptual
framework with three types of developer agents—large, medium and small developers—and how
they interact within the urban space. There are three modules in the model: the agent module,
the environment module and the interaction module. Each of the modules is described in more detail
in the following section.
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2.2.1. The Agent Module
The agent module in the ABM represents the residential land developers in the urban development
process. This module was developed based on the microeconomic theory with the assumption of one
monocentric city and three type of developers—large, medium and small—categorised according to
their capital level, which are selected in line with a suite of empirical studies [7,34,45,46]. While the
typology of land developers can vary by capital possession, operation scale or others, our primary
interest is to investigate the influence of capital on the urban development. As such, we classified
land developers into three types based on their capitals. In fact, the amount of capital that developers
possess can lead to different locational decisions, land acquisition actions and adaptation strategies,
all of which impact on the evolution of urban landscapes [10]. Although classifying the developers
into these three types simplifies the real situation in the JMA’s land market, this simplification is
necessary given the difficulty in obtaining reliable data to quantify the decision behaviour of agents
in the model, specialising in the developing country context. The threshold of capital defining the
type of developers may vary and there remains no consensus among researchers [45]. In this study,
we defined developers’ characteristics based on information from three sources: (i) interviews with
experts in the region, (ii) the literature study and (iii) local newspapers articles. The interviews
were carried out in Jakarta from 13 to 25 June 2013 on sampled respondents representing the main
development actors in the JMA and a private consultant who handles urban development projects
carried by major developers in the JMA. Academic works focusing in the JMA and Indonesia’s urban
development context have also been sources, including Winarso [45], Firman [44] and Struyk et al. [47].
In addition, studies from other countries, like Australia [10,48], the US [7,34], West Europe [49] and
Canada [1], were also sources to complement and verify data from the interview and other local
sources. Furthermore, newspapers articles were also sourced which provides information such as
current market situations in the JMA, developers’ strategy for the coming year, or strategy towards
meeting the target. The capital threshold was based on the initial testing and the findings reported in
Winarso [45], which was designed to capture the maximum ability of developers in the acquisition
of land for development. Large developers were defined as those who have the financial capacity to
invest in developing a minimum land size of 100 hectares into urban area; this is the most common
size (i.e., 57%) for land transformation in the JMA [45], which corresponds to approximately US$500
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million or over for capital investment. Accordingly, we define the three types of developers using the
following thresholds,
Dev =

US$.500 million < Z ≤ US$.700 million Large developers
US$.140 million < Z ≤ US$.500 million Medium developers
US$.70 million < Z ≤ US$.140 million Small developers
(1)
where Dev is the type of developers; Z is the capital level. The capital level is continuously changing
during the simulation process, reflecting the operational cost (overhead) and profit gains as a result
from the previous simulation steps (Figure 2). With variations in the capital level, individual developers
perceive and react differently to economic opportunities according to their cost–profit calculation. The
variations of developers’ characteristics in the agent module were translated into parameters as shown
in Table 1.
Table 1. Developers’ characteristics used to configure the initial state in the model.
Key Parameters Small Developer Medium Developer Large Developer
Capital (US$. million) 70–140 140–500 500–700
Initial loan (% of capital) 20 50 75
Profit margin (% of capital) >0 15 15
Search radius (km) 9 30 150
Operation cost (US$ per month) 700 3500 7000
Urban land per development (ha) 10 50 100
Construction time (months) 24 36 48
2.2.2. The Environment Module
The environment module was formulated using raster grids with 300-metre spatial resolution,
resulting in a total of 372 by 335 cells covering the entire study area in JMA. Data used in the environment
module include both the physical characteristics of the area such as land use, proximity to the city and
other facilities such as toll roads, as well as the economic value of the land. We used Landsat TM5 with
an acquisition date at 22 September 1994 and ETM+ 7 acquired on 27 June 2012 to obtain land use
data at the two time points. Data on the initial land value for the JMA in 1994 were acquired from the
Land and Building Tax Imposition database, or Nilai Jual Objek Pajak (NJOP, in Bahasa Indonesia), the
municipal tax office and the land agency. Data on urban centres and toll roads were extracted from
OpenStreetMap for 2013.
While the physical land features such as proximity to the city remain static during the simulation
process, the land use and the corresponding land value change as a result of the decisions and actions
made by the developers during the simulation process. Hence, land values on the newly constructed
urban area would change as new infrastructure (such as better access to toll roads) promote the
economic value of the area and surrounding locales. We used the NJOP data in one of the JMA
municipalities—Kota Depok—as an exemplar to determine the rate of land value change. According
to this data source, the land value of a site after development was about twice the initial value [50].
The land value in the nearby areas also increased, with decreasing scale as the distance from the centre
of development increases. This decreasing scale of land value change is conceptualised in Equation (2)
and visually presented in Figure 3.
Ix = 1 + v× exp
(
−w× d
2
x
d2max
)
(2)
where Ix is the multiplication factor to increase land values at cell x; v and w are parameters of the
Gaussian function regulating the sensitivity of decreasing rate; dx denotes the distance between cell
x and the location where new development occurs; and dmax denotes the maximum distance where
land value change occurs due to the new development. The Gaussian function was selected based
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on our observation that the increasing rate of land value appears to be uniform within 1 km from a
new urban area, but reduces in scale beyond 1 km and diminishes from 5 km and beyond. Using
a trial-and-error approach, we tested different v and w values in Gaussian function to identify the
optimal values (Figure 3a) that match the land value market change in the JMA (Figure 3).
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2.2.3. The Interaction Module
The interaction module defines the relationship between developers and the environment they
interact with (i.e., the cell space). Here, developers’ development decisions were designed to follow
four sequential steps: land search, land assessment, land acquisition and land development action.
Land search. In the land search stage, developers collect information about the area for potential
urban development. The radius of their land search varies depending on the commitment of the
developers to meet certain policies and regulations set by local government. Large developers are
typically more experienced and are therefore less constrained by these policies and regulations [3];
they can also allocate certain budget for processing the development permits to meet the regulatory
requirements. On the other hand, small developers are typically constrained by both experience and
limited budgets for processing the development permits to meet the local government requirements.
Thus, those developers would prefer to invest in one territory and concentrate within a particular
district rather than across multiple municipalities [2,45]. Therefore, we use a different search radius
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and constraints as shown in Table 2 to represent the differences in the land search strategy by different
types of developers.
Land assessment. We assume that a typical land developer will adopt the microeconomic principle
to assess the potential cost and profit of a target land site. Each cell in the model has the function to
provide a developer with a perceived land value, an estimated construction cost, and an expected
revenue return at each site if an individual developer makes an inquiry. The model generates some
uncertainties to reflect imperfect information. Thus, different developers may receive slightly different
information even when they visit the same site. For instance, land values as perceived by the developers
tend to be overrated because of the additional services associated with the land broker who demands
a commission. The uncertainty regarding the brokers’ commission is represented as random value
between zero and ten percent of the original land value.
Land acquisition. For developers, a decision to develop land must contribute to the accumulation of
profit that is dependent on the expected revenue of the developed land and the associated construction
costs. Large developers must secure at least 15 percent profit on their capital investment to cover the
operational costs and maintain a profitable company image on the stock exchange [45], which in turn gives
them the capacity to secure more capital from the stock exchange. Similarly, the medium-size developers
seek at least 15 percent potential profit on their initial investment to develop the site. In contrast, small
developers can accept any positive revenue margin as they have neither the obligation to pay back loans
(as they do not have loan during the development stage) nor do they allocate funds to retain their company
image for marketing purpose (such as attracting the attention of investors or customers).
Table 2. Decision behaviours of developers during different land development stages.
Development Stage Small Developer Medium Developer Large Developer
Land searching
Search in the area where no
developer has visited before,
within a 10 km radius and in
the municipality where the
developer is located.
Search in an area where no
developer has visited before.
Search in an area where no
developer has visited before.
Land assessment
Assess development cost,
including land acquisition
and land clearing costs.
Assess development cost,
including land acquisition and
land clearing costs and costs
for the construction of
connection road.
Assess development cost,
including land acquisition and
land clearing costs and costs
for the construction of
connection road.
Land acquisition
Purchase when cost is lower
than capital possession and
revenue is positive;
otherwise, leave the site.
Purchase when cost is lower
than capital, revenue is 15%
more than initial investment
and the profit is more than
the expected;
otherwise, leave the site.
Purchase when cost is lower
than capital, revenue is 15%
more than initial investments
and the profit is more
than expected;
otherwise, leave the site.
Land development
action
Develop the land and release
it to market in 24 months.
Develop the land and release it
to market in 36 months.
Develop the land and release it
to market in 48 months.
Land development action. Developers’ actions for land development is distinguished by the time
needed to start the construction in a given area. The model assumes that a developer commences
the development of a site immediately after the development permission is granted by the local
government. The total development duration, including time spent to obtain the necessary permissions,
land clearing and the construction of infrastructure and the transformation of land into urban area,
ranges from 24 to 48 months depending on the size of the area (Table 1). In general, large developers will
develop faster (100 ha per 48 month or 25 ha per year) than the medium (50 ha per 36 month or 16.7 ha
per year) and small developers (10 ha per 24 month or 5 ha per year) given that the large developers
tend to have more resources, capital and experience to undertake faster urban land construction.
In response to fluctuations in developers’ capital level where a small developer may grow in
size to become a ‘medium developer’ following substantial profit being made from preceding land
development, or a large developer may lose their capital stand due to bad investment, the model also
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incorporates the ability for developers to change types or even exit the market [51]. A developer’s
market exit occurs when one has no capital left to perform land search or there is no land suitable for
them to invest in.
Developers accrue profit (Profit) from the margin between revenue (Revenue) and the lending
capital (Loan). The profit is accumulated and used to invest in their next project (Equations (3) and (4)).
Pro f it(t) = Revenue(t) − Loan(t) (3)
Pro f it(t + 1) = Pro f it(t) + Capital (4)
where Pro f it(t + 1) is the profit gain at time t + 1.
2.3. Temporal Dimension
The temporal dimension in agent-based modelling is regarded as one of the most critical issues
in dynamic modelling [52]. The temporal dimension provides a meaningful way through which to
interpret the simulation results in comparison with the observed reality. Assuming that an average
time required by a developer to complete the four sequential stages from land search to final decision
and action is one month (Figure 2), our model adopts a one-month temporal interval for model
iterations, with a total simulation period of 18 years (or 216 months) from 1994 to 2012. This timeframe
was selected given the land value data we can comfortably estimate from the NJOP data to 2012 for
model validation.
2.4. Scenario Testing
The ABM allows the simulation and testing of alternate scenarios through the adjustment of
different parameters within the model. Five scenarios are progressed in the current study, each
reflecting a particular set of developers competing in the land market. The first three scenarios simulate
the urban market where only one single type of developers (i.e., small, medium or large developers)
operating in the market. In the last two scenarios, all three types of developers coexist and operate
together in the land market, with the fourth scenario representing equal numbers of developers in
each type while the fifth scenario represents a hierarchy in developer types, with more small and less
large developers in the marketplace. The 6:3:1 ratio amongst the three types of developers in the fifth
scenario corresponds to the housing policy implemented by the Indonesian government between 1992
and 2011 that developers have the obligation to maintain its development ratio to one large, three
medium and six small houses. Table 3 list the number of developers in each category under each of the
five scenarios.
Table 3. The number of developers under each development scenarios.
Scenarios
Number of Developers
Small Medium Large
Scenario 1 (small developers only) 50 0 0
Scenario 2 (medium developers only) 0 50 0
Scenario 3 (large developers only) 0 0 50
Scenario 4 (equal mixed of developers) 50 50 50
Scenario 5 (hierarchical mix of developers) 60 30 10
The ABM is constructed and coded using NetLogo [53]. For each simulation, maps of urban land
use and the associated land values at different time point were calculated in NetLogo and exported as
ASCII files for mapping and spatial analyses in ArcGIS. The model was operated 100 times under each
scenario, generating a series of Monte Carlo simulations and probabilities for urban land development
across our case study context.
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3. Results
3.1. Urban Expansion
The locations of new urban areas by all developers appear in areas 15 km away from Jakarta’s CBD,
while areas within Jakarta’s CBD exhibit very little urban growth. The new urban areas created by small
developers (Scenario 1) appear in areas 25 km away from Jakarta’s CBD (Figure 4a) while developments
by medium and large developers are concentrated around the 25 km radius line (Figure 4b,c). Notably
and consistently, large and medium-size developers tend to select locations for development around
the southwest and southeast Jakarta. The urban transition probability as observed by repeating the
simulation 100 times on each scenario shows a high urban transition probability on both Scenarios 2
and 3. In contrast, small developers present a more dispersed pattern of land development in southeast
Jakarta beyond the 25 km radial line, as is shown in Scenario 1.ISPRS Int. J. Geo-Inf. 2019, 8, x FOR PEER REVIEW 11 of 21 
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The diverse spatial patterns of simulated urban form under the five development scenarios could
be quantified using landscape matrices, including Edge Density (ED), Clumpiness index (CLUMPY)
and Interspersion and Juxtaposition index (IJI) [54,55]. It can be confirmed that urban areas developed
by small developers di pl y a small and disconnected shape as indicated by high ED and low CLUMPY
(Figure 5a,b). Large developers produce a more connected urban pattern as indicated by high CLUMPY
(Figure 5g). When all types of developers appear on the market, the spatial pattern of new urban areas
has little dissimilarity as shown by IJI, indicating a more mixed and complicated urban form across
JMA (Figure 5l,o).
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3.2. Simulated Land Values
Figure 6 shows the simulated land value changes as the consequences of new urban development.
The simulated new urban development largely occurs in locales between 20 and 25 km from Jakarta’s
CBD and remains consistent across all scenarios. However, the amounts of land value changes vary
spatially under different scenarios. Compared to the land value map at the initial state in 1994
(Figure 6f), marginal land value increase was observed on the simulated land values due to the impact
of small developers (Figure 6a) in areas about 25 km away from the Jakarta’s CBD. This increase in land
values under Scenario 1 is attributable to the small developers’ preference to select small piece of land
(i.e., one cell which equals to 9 ha) to develop, resulting in more disperse, uncontrolled or unplanned
urban spatial structures, which are typical features of sprinkling [56]. In contrast, medium and large
developers select large pieces of land for development, usually more than 10 ha with locations close to
one another. As a result, development by such developers creates an accumulated increase in land
values, as observed in southeast Jakarta (Figure 6b,c). With the competition between multityped
developers introduced in the land market (Scenarios 4 and 5), the increase in land values are much
higher than those under the scenarios of single-type agents (Scenarios 1–3), with particularly observable
outcomes in the south and west of Jakarta (Figure 6d,e).
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3.3. Urban Development over Time
We also assessed the development of urban areas over time under each of the five scenarios,
which enables us to visualise the land market dynamics. Figure 7 illustrates the amount of new urban
area being developed (left panel), number of developers (centre panel) and their profit increases (right
panel) for each development scenario. Under Scenario 1, new urban areas initially emerged by small
developers, but over time, some small developers have gain in size, resulting in the decrease in the
number of small developers and increase in medium-sized developers in the market. Similar patterns
exist under Scenarios 2 and 3. However, we also observe more fluctuation under Scenarios 2 and 3
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as some developers have also reduced in size due to profit lose in the market, resulting in sudden
decrease in the number of investors, as shown in Figure 7e,h.
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Pr fit gains tend to be accumulated by large developers much faster (Figure 7, right panel) and
are less related to the amount of acquired urban areas. For example, in Scenario 1, regardless of the
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size of urban areas, small developers gain marginal to no profit (Figure 7c), while under Scenarios 4
and 5, where mixed-typed developers coexist, large developers also display the highest increase in
profit, followed by medium and then small developers (Figure 7l,o).
4. Discussion
The simulation results suggest that the locations and new urban forms are generated by different
processes and actors, and concurs with the current scholarship [2,10]. Developers with large capital
reserves are also able to leverage further funds through lending to maximise their capital return. These
larger developers are capable of selecting land in the most profitable locations on the outskirts of
the JMA, and in doing so have the greatest potential to transform large areas of nonurban land to
urban use. In contrast, developers with less capital reserves choose smaller blocks of land to develop,
resulting in a fragmented distribution of new urban areas.
The results also suggest that the development locations selected by large developers are more
predictable than those by small developers. After running 100 simulations, there are higher probabilities
of development by large developers for areas closer to toll roads and the CBD, as shown in Figure 4c.
In contrast, the locations of new urban areas by small developers are less predictable and more scattered
across the JMA (Figure 4a). The competition to acquire high-revenue areas can be succeeded by large
developers whilst small developers are pushed to the outer rings of the JMA. The small developers
have limited capital and no obligation to construct roads connecting their developments to the main
transportation network, thus are more likely to acquire land that is further away from toll roads. In this
case, their selected areas are low in revenue but nevertheless able to cover the development costs with
marginal profit levels.
The simulation results indicated the imbalanced distribution of capital and revenue gains amongst
different types of developers. Scenarios 4 and 5 demonstrate this point by showing that although the
land market is initially occupied by three types of developers, the number of small developers tends to
decrease over time (Figure 7k,n) whilst the profit of large developers increases (Figure 7l,o). These
imbalanced distributions are inevitable in the competitive and nonregulated market [1,11]. In the case
of the JMA, the reason might stem from the successful developers that accumulate the profit whilst
unsuccessful developers exited the market to prevent further financial loss.
Our results have the potential to support evidence-based urban policy for the municipality
governments in Jakarta with regard to the provision of land for housing development. Considering
that developers are less favourable to developing settlement for small to medium income earners,
the government could consider offer subsidies by lowering the necessary tax and development costs for
developers who build small to medium sized housing, and encourage more higher density development
in the form of in-fill and high-rise buildings. This could be targeted especially in areas away from the
CBD but with the highest potential in land value appreciation where large developers would have
particular interest in building large-scale and multistory housing.
5. Limitations and Conclusions
This study has developed an ABM to capture the impacts of developers with different investment
capacities on urban development and the complexity in the urban land market. The model is developed
from a developers’ perspective and incorporates both spatial and nonspatial factors influencing the
developers’ investment decisions such as expected profit, and capital availability. These factors were
then isolated and tested against microeconomic theory that links developers’ capital with the most
profitable land to be acquired from empirical observations [3], Winarso [45]. The findings revealed the
extent to which the developers’ profit-making behaviours and their capital possession can influence the
urban spatial forms. Our findings are crucial for urban planners to design land policy that stimulates
competitive urban land market without sacrificing the profit interest anticipated by the developers.
It is worthwhile noting that the purpose of the current study was to construct an ABM and employ
it to understand the process of urban development and how this process is affected by the decision
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behaviours of developers, rather than to predict future urban development [57]. As such, we offer
a proof-of-concept concerning the relationship between the economic behaviours of developers and
the resulting spatial dynamics of urban growth. In doing so, we advance our understanding of the
complex interactions that occur in the urban development process and offer a platform from which
diverse policies toward particular types of developers can be formulated and tested. Furthermore,
the current ABM and its findings serve as a logical envelope that encapsulates a range of possible
extensions of newly developed urban areas rather than to predict a limited amount of simulated reality.
Despite the above findings and contributions, the current version of the model has a number
of limitations that can be improved in future work. First, our model represents the heterogeneous
characteristics of developers focusing on their capital possessions, lending capacities and development
preferences. Whilst the developer’s competitive behaviours were implicitly involved during the
process of land selection (for instance, land acquired by one developer would be excluded from
subsequent selections by others), future studies can take into consideration the collaboration and/or
competition strategies among developers. To better reflect the reality of open and competitive land
market, combining capital with other developers and acquiring smaller developers based on cost–profit
analysis would enhance the understanding about how developers behave in market and how this
affects the landscape of urban area [58]. Second, the current model overlooks the accumulated
knowledge crucial in the human decision process. With their learning capability, human agents
would gradually gain knowledge through the exchange of information, social interactions or artificial
intelligence [59]. This can lead to the change of perceptions of human agents at a later stage of their
decision process. Thus, embedding accumulated knowledge in future work could potentially lead to a
more suited developers’ decision for a given market situation as they can better plan and anticipate
a loss event which in return optimizes their profit. A future version of the model could also add
data with uncertainty (soft data) to better reflect the human perception of reality. Soft data reflect
nonlogical decisions or speculative behaviour, which cannot be captured using only a single value in
the variable [51]. Human behaviour has a degree of acceptance that even if the specific value that it
pursues is not reached, it can still cope with this outcome and seek an alternative acceptable range
of values [60]. Third, a future version of the model could also incorporate the development phase.
The addition of the development phase could reveal new insights into how developers start projects,
and when they start to gain profit. Adding a development phase in the agent’ development module
may open up new knowledge about the speculative behaviour in microeconomic framework.
Furthermore, the introduction of big data to the development of ABMs has the potential to play a
significant role in enhancing our explanation of the interactions between urban stakeholders and the
impact on the urban landscape. Potential streams of data that are relevant for urban studies include
land prices or recorded land transactions tax, which could be valuable for calibrating and refining
the parameterisation of the model. Challenges also lie in extracting and structuring these streams
of big data into more meaningful forms that can readily be incorporated with an ABM framework.
To this end, collective efforts by the urban modelling community are critical in order to improve ABM
and in doing so enhance our understanding of human behaviour and these impact the process of
urban development.
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